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Metabolite identiﬁcation plays a crucial role in the interpretation of metabolomics research results. Due to its sensitivity
andwidespread implementation, a favourite analytical method used inmetabolomics is electrospraymass spectrometry.
In this paper, we demonstrate our results in attempting to incorporate the potentials of multistage mass spectrometry
into the metabolite identiﬁcation routine. New software tools were developed and implemented which facilitate
the analysis of multistage mass spectra and allow for efﬁcient removal of spectral artefacts. The pre-processed
fragmentation patterns are saved as fragmentation trees. Fragmentation trees are characteristic of molecular structure.
We demonstrate the reproducibility and robustness of the acquisition of such trees on a model compound. The
speciﬁcity of fragmentation trees allows for distinguishing structural isomers, as shown on a pair of isomeric
prostaglandins. This approach to the analysis of the multistage mass spectral characterisation of compounds is an
important step towards formulating a genericmetabolite identiﬁcationmethod. Copyright© 2012 JohnWiley&Sons, Ltd.
(wileyonlinelibrary.com) DOI: 10.1002/rcm.6340One of the central tasks of metabolomics is to identify metabo-
lites in complex biological mixtures and to decode their struc-
ture. This is a challenging but essential task, because unless the
identity of the studiedmetabolite is known, its quantitative data
cannot be related to its biochemical role. This requires further
developing and optimising the available analytical techniques
in order to yield a robust metabolite identiﬁcation platform.
Nuclear magnetic resonance (NMR)[1,2] and mass spectro-
metry (MS)[3] are the methods most commonly used for the
structural characterisation of chemical compounds. NMR offers
a rapid and detailed analysis of the structure of the (un)known
compound but the technique is severely limited due to its
relatively low sensitivity. MS, on the other hand, offers high
sensitivity and speciﬁcity[4] resulting in elemental formulas.[5]
However, discerning between (positional) isomers remains a
challenge, even if the core structure of the molecule is
known. Furthermore, in speciﬁc, fortunately rare, cases simply
obtaining a protonated or deprotonated molecule can be a
challenge as well. In the latter case, a more targeted approach
is required to elucidate the structures of these compounds.
Obviously, an elemental formula is not speciﬁc enough to
identify a metabolite. Its structure can be further characterised
by gas-phase fragmentation reactions, e.g. collision-induced
dissociation (CID). The resulting fragmentation spectrum
reﬂects the structure of the precursor ion: the masses of the
obtained product ions and their relative abundances* Correspondence to: R. J. Vreeken, Netherlands Metabolomics
Centre, Einsteinweg 55, Leiden, The Netherlands.
E-mail: r.vreeken@lacdr.leidenuniv.nl
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227characterise the structure of the precursor ion and the experi-
mental fragmentation conditions. In this way, a fragmentation
spectrum offers a ﬁngerprint of the molecular structure of the
precursor, and, as long as it can be reproducibly acquired, it
can be used to identify ionised molecules and fragment ions.[6]
The separation of metabolites prior to detection is often
achieved used liquid chromatography (LC) or capillary electro-
phoresis (CE). Ionisation ismostly achieved through soft ionisa-
tion techniques like, e.g., electrospray ionisation (ESI). The ions
generated in the ESI source can be fragmented using CID.
Regrettably, although the CID spectra are rich in information,
it remains difﬁcult to acquire data in a reproducible manner.[7,8]
This is mainly due to the fact that, in beam-type instruments,
the precursor ion’s internal energy is difﬁcult to control. More
reproducible fragmentation spectra can be produced using ion
traps,[9] which require collisional cooling of the precursor ion
for efﬁcient trapping and selective (resonance) excitation.
Furthermore, by using multistage MS (MSn) experiments, ion
trap instruments can provide detailed information on the
fragmentation, thereby helping to characterise the structures
of metabolites.
Despite the growing popularity of versatile ion trap instru-
ments, in-depth analysis of MSn spectra remains difﬁcult due
to the lack of generic software tools. The challenge stems from
the multidimensionality of MSn data. The majority of the MS
analysis software is well suited for analysing spectra, but not
for analysing one of the most important features of MSn data:
the precursor-product relations between the ions observed in
separate MSn spectra. The only software available at the
moment which can be used to analyse and/or compare MSn
spectra is Mass Frontier (HighChem, Bratislava, Slovakia).[10]
This proprietary software package, being not open-source,
cannot be easily integrated into our speciﬁc workﬂow
because it is designed to work only with the propriety dataCopyright © 2012 John Wiley & Sons, Ltd.
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2276format of one vendor. Furthermore, we wanted to remove
spectral artefacts using the hierarchy of observed fragments.
This would require software tools that can exchange data
using common mass spectrometric data exchange formats
such as mzXML,[11] mzData[12] or mzML.[13] As a result, we
decided to develop the necessary software ourselves. Our
software package, called Multistage Elemental Formula
generator (MEF),[14] used the precursor-product ion relations
in order to effectively and speciﬁcally extract the relevant
data from multistage mass spectra.
Approaches to metabolite identiﬁcation that use MSn
fragmentation often require manual intervention by mass
spectrometry experts.[9,15–17] Recently, more automated
approaches are reported that greatly facilitate this tedious
analysis.[14,18–21] Some of the methods focus on predicting
fragmentation patterns in silico.[19–22] In contrast to these
approaches we do not predict the hierarchy of the fragmen-
tation trees. Similarly to the approach of Mass Frontier,[10]
the hierarchy is derived from hierarchy of MSn spectra, but
the nodes of the fragmentation tree are fragment ions and
not the fragmentation spectra as in Mass Frontier. In contrast
to the MetFrag approach,[20] the hierarchy of the ions in our
approach is not calculated but observed in hierarchy of MSn
spectra. Scheubert et al.[19] applied the method of Rasche
et al.[22] to predict MSn spectra and demonstrated that the
hierarchy of the fragment ions derived from hierarchy of
MSn spectra adds substantially to the model. As more tools
become available for MSn analysis and for fragmentation
prediction, it is easier to link the MS fragmentation patterns
of metabolites to their molecular structure. This, in turn, will
greatly facilitate the generic use of MSn spectra in the ﬁeld of
metabolite identiﬁcation.
Using our MEF tool, elemental formulas were unambigu-
ously assigned to fragment ions.[14] This tool uses the hierarchy
of the fragment ions in an analogous way as previously
reported approaches.[19,22,23] Furthermore, the constraints
derived from the ions hierarchy allowed us to discard
irrelevant artefacts and to efﬁciently identify the peaks that
were relevant for the precursor ion structure. In this way,
we were able to store a hierarchical representation of the
elemental composition of fragment ions as observed in MSn
spectra, together with the data characterising their MS
signals, all in the form of a fragmentation tree.
Our ﬁnal aim is to develop a database-based metabolite
identiﬁcation pipeline which will be reported separately at
a later stage. This pipeline is supported by a database
ﬁlled with the above-described MSn fragmentation patterns.
The use of this MSn data, organised in fragmentation
trees, will enable facile comparison of obtained results.
We aim to use this approach in an on-line or at-line fashion.
In such a setup, where a compound with unknown
structure elutes from the LC system, one can either gener-
ate a fragmentation tree directly on-line or at-line after
fraction collection and subsequent infusion through the nano-
ESI interface. This fragmentation tree is subsequently
evaluated against a database of fragmentation trees of known
compounds/structures. Further bioinformatics-based tools,
which will be reported separately, will aid in (partial)
recognition of fragmentation trees and using an ’in-house’
developed structure generator, subsequent structure postula-
tion for the unknown. This will complement a metabolite
identiﬁcation pipeline.wileyonlinelibrary.com/journal/rcm Copyright © 2012 John WileHowever, before being able to assemble such a setup, a
robust acquisition and evaluation of MSn data needs to be
developed. Here we report on the development of this part
of the envisioned pipeline.
We studied the parameters involved in acquiring the
fragmentation trees in order to evaluate their robustness
and reproducibility. In addition, we evaluate how these
factors affect the topology of the resulting fragmentation tree.
Furthermore, we assess the possibility of using this approach
as well to discern between structurally related isomeric
structures. For the latter we studied two isomeric prosta-
glandins and several eicosanoids.EXPERIMENTAL
Materials and samples
Glutathione was purchased from Sigma-Aldrich (Steinheim,
Germany). Prostaglandin D2 and E2 and all other eicosanoids
were obtained from Cayman Chemicals (Ann Arbor, MI,
USA). All the samples were dissolved in 50% methanol/0.1%
formic acid prior to acquisition. Samples were spun down
(5 min, 15 000 g) before being transferred into the 96-well sample
plate of the NanoMate to prevent clogging of the nano-spray
emitter by small particulate matter. Methanol (absolute, ULC/
MS grade), water (ULC/MS grade) and formic acid (99%, LC/
MS grade) were obtained from Biosolve BV (Valkenswaard,
The Netherlands).Mass spectrometry
Single (MS) and tandem mass spectrometry (MS/MS)
experiments were performed on an LTQ-Orbitrap XL mass
spectrometer (Thermo Fisher Scientiﬁc, Waltham, MA)
controlled by Xcalibur software (version 2.0.7). The instru-
ment was equipped with a TriVersa NanoMate (Advion,
Ithaca, NY, USA) nano-electrospray ionisation source. For
the positive ionisation mode, the nitrogen pressure was
set at 0.45 psi and the ESI voltage was 1.35 kV; for the
negative ionisation mode the settings were 0.7 psi and
1.05 kV, respectively. The distance between the ESI chip
and the capillary was approximately 5 mm. The MS
method was programmed in Xcalibur and consisted of
107 scan events: one full scan and 106 data-dependent
tandem mass spectrometry scans up to MS5. The method
allowed for the fragmentation of the ﬁve highest peaks
of the MS2 and MS3 spectra and the three highest peaks
of the MS4 spectra (this method, with some minor modiﬁ-
cations, was successfully demonstrated and reported on
earlier[9]). All the spectra acquired were spectra combined
from 3 mscans. Full scan spectra (from 50 m/z units below
to 50 m/z units above the molecular weight of the
compound in question) were acquired with a resolving
power of 30 000 (FWHM at m/z 400). In the case of
the MS2–5 spectra, this resolving power was reduced to 15 000
(FWHM speciﬁed at 400 m/z) to speed up acquisition.
Automatic gain control (AGC) was active at default settings.
The fragmentation spectra were acquired for singly charged
ions with a precursor intensity threshold of 4500 ion counts.
The isolation width for isolating the precursor ion varied fromy & Sons, Ltd. Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286
Fragmentation trees for the structural characterisation of metabolites1 to 3m/z units and we used a normalised collision energy of 25
to 45%. Each measurement was performed in duplicate and
within a measurement the MSn sequence was repeated at least
5 times within 15 min.
The glutathione reference fragmentation spectrum (Fig. 1)
was acquired using the HCD cell on the LTQ-Orbitrap XL.
Data processing
OrbitrapMSn spectrawere converted fromThermo’s Xcalibur’s
own acquisition (*.RAW) ﬁles into mzXML format[11] using
the ReAdW (version 4.3.1) conversion tool provided by the
Institute for Systems Biology (Seattle, WA, USA).[24] mzXML
was chosen because it is open and it preserves the precursor
mass attributes that point to the hierarchy of fragmentation
spectra. Subsequently, mzXML ﬁles were analysed using
XCMS software[25] in order to select mass peaks without
losing the hierarchical relations between them.We used default
XCMS settings for peak picking: themzGapwas 0.2m/z and the
signal-to-noise ratio was 10. At this step most of the noise was
removed (see Supporting Information on the noise removal).
Each mass peak in the resulting table was assigned a precursor
ion. We then used the Multi-stage Elemental Formula (MEF)Figure 1. Comparison of MS/MS and MSn fragmentation spe
precursor-product relationships between ions derived from hie
(CHEBI:16856) (a). The corresponding spectra are (d) MS/MS sp
The major differences between the two spectra lie in the differen
were observed in both spectra.
Copyright © 2012Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286generator[14,26] to unambiguously assign elemental formulas
to fragment ions and to neutral losses (with 6 ppm mass toler-
ance), as well as to remove spectral artefacts. In the process of
elemental formula assignment we allowed CHNOPS elements
andwe restricted number and ratio of allowed elements follow-
ing the rules published by Kind and Fiehn.[5] MS1 isotope
pattern information was not used for assigning the precursor
ion and fragments. The assigned elemental formulas were
constrained by non-integer RDBE (Ring Double Bond Equiva-
lents). This assignment was performed separately for each
within-ﬁle repetition of the MSn sequence. The resulting frag-
mentation trees were compared and the peaks that were not
present in at least 40% of the trees were discarded. The results
were stored in a Chemical Markup Language[27] (CML) format
which combines mass spectrometric and chemical information
in a single exchange ﬁle. Each step of the analysis, as well as a
detailed explanation of the MEF algorithm, can be found in
Rojas-Cherto et al.[14] and the application of the algorithm and
details of data processing in Rojas-Cherto et al.[28] The detailed
list of parameters is provided in the Supporting Information.
In order to distinguish the isomeric prostaglandins, we
performed a hierarchical clustering analysis using the R
software environment.[29] The fragmentation trees werectra of glutathione. Schematic hierarchical representation of
rarchy of spectra in (b) MS/MS and (c) MSn of glutathione
ectrum and (e) total composite spectrum of MSn experiment.
t signal intensity ratio; most of the fragments (except 84 m/z)
wileyonlinelibrary.com/journal/rcmJohn Wiley & Sons, Ltd.
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2278represented as vectors of occurrences of elemental formula
paths (EFPs), and Euclidean distance was used as a similarity
measure in mean linkage clustering. For clustering, we used
the complete-link bottom-up algorithm.[30]
The similarity measure of the pairs of isomeric molecules
was calculated by applying the Tanimoto coefﬁcient[31] using
the CDK 2D-ﬁngerprint library.[32] The Tanimoto coefﬁcient
was calculated by dividing the number of common EFPs
observed for both metabolites by the total number of unique
EFPs present for each metabolite minus the number EFPs
present in both molecules.
To demonstrate the capability of experimental setup and
to evaluate the speciﬁcity of analysis a dot-product compari-
son[33] of composite spectra of eisosanoids was performed
(see Supporting Information).RESULTS AND DISCUSSION
Acquisition of the fragmentation trees
The MSn experiments were performed using an LTQ-Orbitrap
mass spectrometer. Since this instrument has a high dynamic
range in terms of mass accuracy, it allows assignment ofFigure 2. Schematic workﬂow of fragmentation tree creation show
precursor-product relationships depicted in (b) were extracted fr
software was used to create a fragmentation tree (c). At this stage, w
did not ﬁt in the fragmentation tree. To facilitate unambiguous ident
by an/their elemental formula path (EFP). The elemental formula p
the obtained fragmentation tree. The corresponding peaks, masses
wileyonlinelibrary.com/journal/rcm Copyright © 2012 John Wileelemental formulas both to precursor ions and to their
fragment ions. Since fragmentation is performed in a linear ion
trap, the high yield for fragment ions (MS/MS efﬁciency) and
the fast duty cycle facilitates extensive MSn experiments in a
relatively short period of time.[34] Moreover, due to the selective
resonance excitation of the precursor ion in the ion trap,[35] the
fragment ions obtained do not fragment and can be used as
precursor ions for the next stage in the MSn experiment. In
this manner, the hierarchy of the MSn spectra determines the
hierarchy of the fragment ions (as shown in Figs. 1(c) and 2).
To efﬁciently extract the hierarchy of these fragment ions,
we used our own software, i.e. the Multi-stage Elemental
Formula (MEF) generator.[14] The precursor-product ion
relationships between all the mass peaks in the MSn spectra
(Figs. 2(a) and 2(b)) were used as constraints in assigning
elemental formulas to the individual fragment ions (Fig. 2(c)).
Speciﬁcally, the elemental formula of a fragment ion cannot
contain more atoms of a certain element than its precursor
ion, and a precursor ion cannot contain fewer atoms of an
element than its fragment. Finally, the assigned elemental
formula of a neutral loss and the elemental formula of
the fragment have to add up to the elemental formula of
the precursor.[14] In order to unambiguously identify the
hierarchical relationship between precursor and product ions,n on example of single elemental formula path. Peaks and their
om MSn spectra (a). Multistage Elemental Formula generator
e discarded peaks that were assigned an elemental formula that
iﬁcation of the fragment ionswithin the tree theywere described
ath (EFP) (d) unambiguously identiﬁes the fragment ion within
and elemental formulas are depicted in bold.
y & Sons, Ltd. Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286
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227we generated an Elemental Formula Path (EFP) for each ion
in the fragmentation tree (see Table 1). An EFP is a list of ele-
mental formulas assigned to consecutive precursor and product
ions leading to a particular fragment ion (Fig. 2(d)). In this way,
a fragmentation tree can be represented as a collection of EFPs.
Consequently, comparing the MSn results of various com-
pounds no longer requires a direct comparison between single
fragmentation spectra of speciﬁc precursor ions, but one can
compare individual fragmentation trees to see whether they
include a particular EFP or a set of EFPs (Fig. 2(d)).
In the process of assigning these elemental formulas, we
discard the mass peaks that fail to satisfy the constraints
derived from the hierarchical precursor-product relations. As
a result, artefact peaks not satisfying the above-mentioned
constraints, and originating from radio-frequency interference,
electronic noise, or the side bands often observed in FT-MS
systems[36] are rejected. How noise and artefacts are removed
during the data analysis was described in more detail by
Rojas-Cherto et al.[14,26]
We optimised the MSn acquisition protocol so as to yield
fragmentation trees that consist of as many fragments as
possible, and that can (easily) be reproduced. Since fragments
convey structurally relevant information, it is better to have
exhaustive ’wide and deep’ fragmentation trees.
In our approach we optimise spraying conditions, e.g.
electrospray emitter voltage, solvent (see Experimental),
temperature, etc., to obtain predominantly (de-)protonated
molecules, depending on the mode of operation (positive
ionisation (PI) or negative ionisation (NI)). These ions are
subsequently used as precursor ions for fragmentation tree
generation. In practice, however, one will observe a variety of
adducts or source fragments in (nano-)ESI, e.g. [M+Na]+,
[M+NH4]
+, [M+H–H2O]
+ in the case of PI mode or an
[M+ formate]–, [M+acetate]– ion the case of NI mode of
operation.[37–39] In some cases even, only ions are observed in
either the PI or the NI mode. In these cases, only the obtained
tree will be stored. The nature of the ESI spectrum depends
on e.g. the structure of the compound, and its proton afﬁnity
or gas-phase acidity, as well as the solvent composition and
pH. Especially when compounds are eluted from an LC
system into a nano-ESI source, adducts tend to be formed.
However, in most cases (i) many of these adducts do produce
after the 1st fragmentation step a (de-)protonated molecule,
(ii) the (de-)protonated molecule is mostly present next to the
observed adducts, and (iii) the presence of this (de-)protonated
molecule is less inﬂuenced by actual spraying conditions
in contrast to e.g. the [M+Na]+ ion. Therefore, our initial
approach focuses around the fragmentation of the [M+H]+
or the [M–H]– ion. In a later stage we will evaluate how to
incorporate fragmentation trees from initial precursor ions not
being a [M+H]+ or a [M–H]– ion.
The fragmentation of ions strongly depends on mass
spectrometric conditions, and these can be controlled using a
number of parameters. Some parameters, such as resolution
and isolation width, do not directly control the fragmentation
process, but instead inﬂuence the detection and selection of
ions, while other parameters do control the fragmentation
process, such as collision energy, activation Q and activation
time. Keeping other parameters at default settings, we compared
fragmentation trees with different values for isolation width
and collision energy, in order to assess the inﬂuence of these
two parameters.Copyright © 2012Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286In order to facilitate the analysis of MSn spectra, the isolation
widthwas adjusted so that we could, on the one hand, optimise
sensitivity, and on the other hand isolate themonoisotopic peak
of the precursor ion without also isolating its 13C isotopic peak.
The absence of isotopic peaks in the fragmentation spectra
prevented us from co-isolating fragment ions in subsequent
MSn stages, because their monoisotopic peaks were always at
least 1 m/z unit apart (in singly charged ions).
How these acquisition parameters (width of precursor
ion isolation window and normalised collision energy) affected
the detection of fragment ions is illustrated in Fig. 3. A number
of conclusions can be drawn from this ﬁgure. The ﬁrst observa-
tion is that, as expected, the total ion count of the fragments
observed in various MSn stages decreases as the number of
MS stages increases (Figs. 3(a) and 3(c)). This is caused by a
number of factors such as (i) the loss of ions during the
trapping, isolation and activation of both precursor and
fragments ions in the different stages of the MSn experiments,
(ii) the fact that ions below 1/3 of the precursor ion m/z ratio
are not trapped in the ion trap, and (iii) the fact that ions below
m/z 50 cannot be detected using the Orbitrap detector. Since we
were not investigating the relative importance of these factors
in this study, we can merely observe that the total ion intensity
diminished as a result of multiple MSn levels.
The second observation is that, on average, an isolationwidth
of 2 m/z (M 1 m/z) units led to higher total ion counts than an
isolation width of 1 m/z (M 0.5 m/z) unit (Fig. 3(a)). This held
for all the fragments observed. As a consequence of the higher
peak intensities, the total number of EFPs detected in the
fragmentation trees was, on average, 15% higher when using a
wider isolation width (Fig. 3(b)). Thirdly, collision energy only
had a marginal effect on the overall intensity (Fig. 3(c)) and on
the number of observed fragment ions and EFPs (Fig. 3(d)).
A more detailed comparison of the effects of these acquisi-
tion parameters on the resulting fragmentation trees is shown
in Fig. 4. This ﬁgure plots the effect of the tested acquisition
parameters on the relative intensities for particular EFPs.
Clearly, the isolation width parameter did not signiﬁcantly
impact the relative intensity of the fragment ion peaks.
Collision energy, on the other hand, did, as expected,
inﬂuence these intensities, and consequently the ratio between
fragment ions, although its inﬂuence turned out to be minor.
In addition, we observed a small standard deviation of the
relative intensity of the fragment ions (typically less than 2%,
and max. 9%). Basically, all tested collision energy settings
yielded highly similar spectra.
Reproducibility and robustness – the effects of the
concentration of the analyte on the size and shape of the
fragmentation tree
In order to study the inﬂuence of the analyte concentration on
the reproducibility and robustness of the obtained fragmentation
tree, trees were generated from MSn spectra acquired with
various concentrations of glutathione (ranging from 1 mM to
1 mM). The absolute intensities of fragment ions are directly
related to the absolute intensity of their precursor ion, which
in turn depends on the concentration of the analyte. The effect
of the concentration of glutathione on the abundance of the
observed fragment ions is illustrated in Fig. 5(a). As can be seen,
the total summed intensity of the fragment ions in allMSn levels
was inﬂuenced by the absolute intensity of the precursor ionwileyonlinelibrary.com/journal/rcmJohn Wiley & Sons, Ltd.
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Figure 4. Comparison of fragmentation trees acquired using
various mass isolation widths (IW, 1 m/z and 2m/z) and
normalised collision energy (CE, 25%, 35%, 45%) (shown on
representative elemental formula paths from each level of
MSn spectra for clarity (see Table 1 for identity of elemental
formula paths). The relative intensity within a spectrum of
according mass peaks is plotted with standard deviation.
Figure 5. Inﬂuence of glutathione concentration on (a) the
sum ion count of the mass peaks detected in its fragmentation
tree (the ion count is plotted on logarithmic scale) and (b)
the number of elemental formula paths detected in the
fragmentation tree of glutathione.
Figure 3. Inﬂuence of isolation width on summed ion count (a) and number of detected EFP (b), and
inﬂuence of collision energy on summed ion count (c) and number of detected EFP (d) in MSn spectra
obtained for glutathione.
Fragmentation trees for the structural characterisation of metabolites
228(MS1), with one exception: fragment intensities for the two
highest concentrations (1 mM and 0.3 mM) seem to be the
same even though the intensity of precursor ions differs. This
is probably due to the fact that the number of charges
which can be retained in the ion trap is limited. The analyte
concentration also inﬂuenced both the total size of the obtainedwileyonlinelibrary.com/journal/rcmCopyright © 2012 John Wiley & Sons, Ltd.Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286
1
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2282fragmentation tree and the total number of fragments detected
in a tree, as can be seen in Fig. 5(b). From 21 elemental formula
paths observed for 1 mM glutathione, 20 were observed for all
glutathione concentrations in the range from 10 mM to 1 mM.
Only the two lowest concentrations tested (3 mM and 1 mM)
yielded smaller fragmentation trees, consisting respectively of
18 and 13 EFPs. The number of detected ions was most reduced
in MS4 and MS5 spectra (reduction by almost 50%), but it
was also reduced inMS3 andMS2 spectra. Clearly, for all higher
concentrations the instrument was able to compensate for the
lower ion abundances by longer ion accumulation times,
yielding fragment-rich MSn spectra. Moreover, a comparison
of the relative peak intensity obtained for each detected EFP
demonstrated that the ratios between peak abundances can
easily be reproduced across the whole range of glutathione
concentrations (data not shown). As expected, the largest
deviation was observed for low intensity peaks, which were
characterised by the lowest signal-to-noise ratio. The results
show that fragmentation tree topology can be acquired in a
robust way and the analyte concentration has a minor effect
on the overall arrangement of the fragmentation tree.Figure 6. Chemical structures of prostag
(CHEBI:15555) (b) and clustered heatm
acquired from various concentrations of
D2 (green blocks denote detected, red blo
trees were acquired in duplicate from eac
A–I: A – 100 mM, B – 30 mM, C – 10 mM
G – 0.1 mM, H – 0.03 mM, I – 0.01 mM
clusters due to the observed characterist
lowest concentrations (H and I), where w
wileyonlinelibrary.com/journal/rcm Copyright © 2012 John WileSpeciﬁcity of analysis – fragmentation tree structure
characteristic for isomeric prostaglandins
Isomerism is commonly observed in metabolites and speciﬁc
isomers often have a unique biological function in a living
organism. Therefore, a successful metabolite identiﬁcation
method, selective enough to discern between isomeric struc-
tures, is essential for understanding the biochemical roles of
each individual isomer. Although tandem mass spectrometry
inherently cannot distinguish enantiomers[40] – for that we
might consider derivatisation with a chiral label or separation
with chiral chromatography prior to MS analysis – it can,
in principle, differentiate between individual constitutional
isomers and/or diastereoisomers.[41]
In order to assess the feasibility of discerning between isomers
on the basis of an analysis of their fragmentation trees, the
above-mentioned protocol was used on two isomeric prosta-
glandins: D2 and E2 (Figs. 6(a) and 6(b), respectively). Prosta-
glandins are important mediators of (patho)-physiological
effects.[42] Although chemically very similar, prostaglandin D2
(PGD2) and prostaglandin E2 (PGE2) have different biologicallandin E2 (CHEBI:15551) (a) and D2
ap analysis of fragmentation trees
prostaglandin E2 and prostaglandin
cks undetected EFPs). Fragmentation
h concentration (denoted with letters
, D – 3 mM, E – 1 mM, F – 0.3 mM,
). Both prostaglandins form separate
ic EFPs, except in the case of the two
e observed no characteristic EFPs.
y & Sons, Ltd. Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286
Fragmentation trees for the structural characterisation of metabolitesfunctions. It is challenging but crucial for studies on biological
systems to be able to distinguish such closely related structures
reliably in a wide range of concentrations.
We checked the repeatability and robustness of the acquisition
of a fragmentation tree for both prostaglandins over a range
of concentrations, viz. from 10 nM to 100 mM, in the NI mode.
This polarity was used because the protonated molecule is
not observed in PI mode due to predominant water loss.[43]
Since, as demonstrated above for glutathione, the analyte
concentration inﬂuences the size of the resulting fragmentation
tree, it was important in the case of prostaglandins to establish
whether their concentration and the size of the resulting
fragmentation trees interfered with the analysis aimed at
distinguishing the two isomers.
The analysis of the obtained fragmentation trees shows that
both prostaglandins yield a similar number of fragment
masses in their fragmentation trees (14 for PGD2 and 18 for
PGE2). These fragments constitute 25 EFPs in the fragmenta-
tion tree of PGD2 and 31 EFPs in the tree of PGE2 (Fig. 6(c)).
Despite their structural similarity, only 13 elemental formula
paths are detected for both prostaglandins; 12 of the observed
elemental formula paths are characteristic for PGD2 and 18
for PGE2. In total, 43 unique elemental formula paths are
detected, consisting of 32 unique elemental formulas of
fragment ions. Because the number of EFPs that we detect is
higher than the number of observed fragment masses (as some
fragment masses were observed in more than one spectrum),
we postulate that the number of characteristic features for each
prostaglandin is higher than the number of characteristic
features (peaks) that were reported in tandem mass spectra.[44]
This means that our method is more speciﬁc than a method
relying on tandem mass spectra.
Comparing the fragmentation trees obtained from various
concentrations of prostaglandins reveals that lowering the
concentration inﬂuences the tree topology while preserving
the characteristic elemental formula paths which distinguish
between the isomers. Obviously, the fragmentation trees
obtained from higher concentrations consist of more EFPs
than the fragmentation trees from lower concentrations
(Fig. 6(c)). In addition, as can be seen, the number of observed
characteristic EFPs for each prostaglandin decreases with
the concentration.
The differences between the fragmentation trees of PGD2
and PGE2 acquired from various concentrations are visualised
in a clustered heatmap (Fig. 6(c)). As a result of the above-Table 2. List of 11 isomeric eicosanoids
ID Name
8S-HETE 8S-hydroxy-5Z,9E,11Z,14Z-e
5S-HETE 5S-hydroxy-6E,8Z,11Z,14Z-e
8,9-EET 8,9-epoxy-5Z,11Z,14Z-eicosa
9-HETE 9-hydroxy-5Z,7E,11Z,14Z-eic
20-HETE 20-hydroxy-5Z,8Z,11Z,14Z-e
15S-HETE 15S-hydroxy-5Z,8Z,11Z,13E-
5,6-EET 5,6-epoxy-8Z,11Z,14Z-eicosa
12-HETE 12-hydroxy-5Z,8Z,10E,14Z-e
14,15-EET 14,15-epoxy-5Z,8Z,11Z-eicos
11R-HETE 11R-hydroxy-5Z,8Z,12E,14Z
11,12-EET 11,12-epoxy-5Z,8Z,14Z-eicos
Copyright © 2012Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286mentioned detection of characteristic EFPs, the fragmentation
trees of the two prostaglandins form separate clusters. In the
case of the two lowest concentrations (0.03 mM and 0.01 mM
(H and I, respectively)) we only observe EFPs that are common
to the two prostaglandins. These results suggest that with
concentrations of 0.1 mM and higher, isomeric prostaglandins
can be distinguished unambiguously. Furthermore, it shows
that minor ﬂuctuations in the topology of a fragmentation tree
between repetitions are negligibly smaller compared to the
differences observed between isomeric metabolites, which
proves the selectivity of our approach.
Speciﬁcity of analysis – distinguishing isomers
The approach demonstrated above on the pair of isomeric
prostaglandins was evaluated on a set of 11 isomeric eicosa-
noids (Table 2), constituting 55 pairs of isomers. The similarity
of fragmentation treeswithin each pairwas given as a Tanimoto
coefﬁcient[31] (see Fig. 7). The identical analysis of the fragmen-
tation trees of isomeric prostaglandins (Fig. 6) yielded Tanimoto
coefﬁcients of more than 70% for replicate measurements, more
than 60% for similar fragmentation trees, and less than 30% for
dissimilar fragmentation trees (data not shown). These ﬁndings
are a good indication for the interpretation of the data on the
above-mentioned eicosanoids. It can be seen in Fig. 7 that for
the majority of fragmentation tree pairs the isomers can be
distinguished: 48 pairs out of 55 yielded Tanimoto coefﬁcients
lower than 30%. The remaining 7 pairs yielded Tanimoto coefﬁ-
cients lower than 70% implying dissimilarity. Furthermore,
comparing fragmentation trees using this approach gave sharper
distinction between isomers than dot-product comparison of
composite spectra (Supplementary Fig. S1, see Supporting
Information). These results support the conclusion that using
fragmentation trees as in our approach results in differentiation
of positional isomers.
Especially in the case of isomeric structures one can envision
that having actual annotations of elemental formulae of
fragment ions, neutral losses and as well chemical structures
of fragment ions in the database would be highly desirable. In
order to accomplish this we store fragmentation trees consisting
of mass spectrometric data annotated with elemental formula
of fragment ions and neutral losses, using Chemical Markup
Language (CML). CML supports various chemical concepts,
such as reactions and molecules, and makes it possible to store
the chemical structure of each ion in InChi format. To assistLipid maps ID
icosatetraenoic acid LMFA03060006
icosatetraenoic acid LMFA03060002
trienoic acid LMFA03080003
osatetraenoic acid LMFA03060089
icosatetraenoic acid LMFA03060009
eicosatetraenoic acid LMFA03060001
trienoic acid LMFA03080002
icosatetraenoic acid LMFA03060088
atrienoic acid LMFA03080005
-eicosatetraenoic acid LMFA03060028
atrienoic acid LMFA03080004
wileyonlinelibrary.com/journal/rcmJohn Wiley & Sons, Ltd.
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Figure 7. Similarity of the fragmentation trees of isomeric eicosanoids given as
Tanimoto coefﬁcient. Eleven eicosanoids (see Table 2) constitute 55 pairs of
isomers. The similarity lower than 30% allows for unambiguous distinguishing
of fragmentation trees.
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2284further structure elucidation, structural annotation of these
fragmentation trees will be added in a later stage. Manual
annotation of a fragmentation tree collection could be devel-
oped by experts and the mass spectrometric society as an open
project. Information on the actual structures, or the most likely
structures, will allow for (sub-)structure recognition and
immensely assist in the identiﬁcation endeavour of unknowns.
Thiswill hugely impact theway inwhichwe interpret fragmen-
tation spectra.CONCLUSIONS
Multistage mass spectrometry has, due to the popularity of
ion trap instruments, become a very powerful technique for
structural characterisation in e.g. metabolomics. Although
the technique is well known, until now the resulting MSn data
could not be straightforwardly analysed, and the results were
only accessible as collections of related fragmentation spectra.
We demonstrate that the use of constraints derived from
the precursor-product ion relationships of the ions observed
in MSn spectra not only allows to efﬁciently remove artefacts,
it also allows us to assign unambiguously, elemental formula
to each relevant fragment ion. Reproducibly representing
MSn spectra as fragmentation trees allows for facile comparison
of the fragmentation data of individual metabolites. This
is extremely beneﬁcial in view of our envisioned database-
based metabolite identiﬁcation pipeline. Although we only
demonstrate this approach by means of data of several
compounds, fragmentation trees (PI and NI in most cases)
of approx. 500 individual compounds (including ca. 100
isomers) present in human bioﬂuids have in the meantime been
acquired and are being evaluated. These compounds belong to a
wide set of compound classes and span a large part of the
(human) metabolome.
The adoption of this approach will greatly depend on
accessibility of public databases which store and exchange
annotated fragmentation tree data. The data format usedwileyonlinelibrary.com/journal/rcm Copyright © 2012 John Wilemust accommodate both mass spectrometric and chemical
data. To our knowledge, the only data format fulﬁlling this
requirement is Chemical Markup Language (CML).[27] The
reproducibility and robustness of the acquisition of fragmen-
tation trees suggests that they can potentially be used in
computer-aided generic metabolite identiﬁcation methods.
However, in order to fully evaluate the feasibility of this
approach, between-lab reproducibility must be assessed.SUPPORTING INFORMATION
Additional supporting information may be found in the
online version of this article.Acknowledgements
The authors acknowledge Dr. Agnieszka Kraj and Dr. Rob
van der Heijden for their efforts in the early stages of the
project. The authors are grateful to Prof. Dr. Nico Nibbering
and Dr. Ronnie van Doorn for their input. Justin van der
Hooft and Ric de Vos are thanked for their input into the
application of the approach reported here. This project
was (co)ﬁnanced by the Netherlands Metabolomics Centre
(NMC) which is part of the Netherlands Genomics Initiative/
Netherlands Organisation for Scientiﬁc Research.REFERENCES
[1] E. E. Kwan, S. G. Huang. Structural elucidation with NMR
spectroscopy: Practical strategies for organic chemists. Eur.
J. Org. Chem. 2008, 2671.
[2] D. G. Robertson. Metabonomics in toxicology: A review.
Toxicol. Sci. 2005, 85, 809.y & Sons, Ltd. Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286
Fragmentation trees for the structural characterisation of metabolites
228[3] A. Scalbert, L. Brennan, O. Fiehn, T. Hankemeier, B. S.
Kristal, B. van Ommen, E. Verheij Pujos-Guillot, E.
Verheij, D. Wishart, S. Wopereis. Mass-spectrometry-based
metabolomics: limitations and recommendations for future
progress with particular focus on nutrition research.
Metabolomics 2009, 5, 435.
[4] S. G. Villas-Bôas, S. Mas, M. Akesson, J. Smedsgaard,
J. Nielsen. Mass spectrometry in metabolome analysis.Mass
Spectrom. Rev. 2005, 24, 613.
[5] T. Kind, O. Fiehn. Seven golden rules for heuristic ﬁltering of
molecular formulas obtained by accurate mass spectrometry.
BMC Bioinform. 2007, 8, 115.
[6] F. W. McLafferty, F. Turecek. Interpretation of Mass Spectra,
University Science Books, Mill Valley, CA, 1993, p. 414.
[7] B. L. Milman. Towards a full reference library of MSn
spectra. Testing of a library containing 3126 MS2 spectra
of 1743 compounds. Rapid Commun. Mass Spectrom.
2005, 19, 2833.
[8] H. Oberacher, M. Pavlic, K. Libiseller, B. Schubert,
M. Sulyok, R. Schuhmacher, E. Csaszar, H. C. Köfeler.
On the inter-instrument and inter-laboratory transferability
of a tandem mass spectral reference library: 1. Results of
an Austrian multicenter study. J. Mass Spectrom. 2009,
44, 485.
[9] J. J. J. van der Hooft, J. Vervoort, R. J. Bino, J. Beekwilder, R.
C. H. de Vos. Polyphenol identiﬁcation based on systematic
and robust high-resolution accurate mass spectrometry
fragmentation. Anal. Chem. 2011, 83, 409.
[10] M. T. Sheldon, R. Mistrik, T. R. Croley. Determination of
ion structures in structurally related compounds using
precursor ion ﬁngerprinting. J. Am. Soc. Mass Spectrom.
2009, 20, 370.
[11] P. G. A. Pedrioli, J. K. Eng, R. Hubley, M. Vogelzang, E.
W. Deutsch, B. Raught, B. Pratt, E. Nilsson, R. H. Angeletti,
R. Apweiler, K. Cheung, C. E. Costello, H. Hermjakob,
S. Huang, R. K. Julian, E. Kapp, M. E. McComb, S. G. Oliver,
G. Omenn, N. W. Paton, R. Simpson, R. Smith, C. F. Taylor,
W. Zhu, R. Aebersold. A common open representation of
mass spectrometry data and its application to proteomics
research. Nat. Biotechnol. 2004, 22, 1459.
[12] The mzData standard. Available: http://psidev.info/index.
php?q=node/80#mzdata.
[13] L. Martens, M. Chambers, M. Sturm, D. Kessner, F. Levander,
J. Shofstahl,W.H. Tang, A. Römpp, S. Neumann, A. D. Pizarro,
L. Montecchi-Palazzi, N. Tasman, M. Coleman, F. Reisinger, P.
Souda, H. Hermjakob, P.-A. Binz, E. W. Deutsch. mzML – a
community standard for mass spectrometry data. Mol. Cell.
Proteomics 2011, 10, R110.000133.
[14] M. Rojas-Cherto, P. T. Kasper, E. L. Willighagen, R. Vreeken,
T. Hankemeier, T. Reijmers. Elemental composition determi-
nation based on MSn. Bioinformatics 2011, 27, 2376.
[15] Y. Konishi, T. Kiyota, C. Draghici, J.-M. Gao, F. Yeboah,
S. Acoca, S. Jarussophon, E. Purisima. Molecular formula
analysis by an MS/MS/MS technique to expedite dereplica-
tion of natural products. Anal. Chem. 2007, 79, 1187.
[16] M. Cui, F. Song, Y. Zhou, Z. Liu, S. Liu. Rapid identiﬁcation
of saponins in plant extracts by electrospray ionization
multi-stage tandem mass spectrometry and liquid chromato-
graphy/tandem mass spectrometry. Rapid Commun. Mass
Spectrom. 2000, 14, 1280.
[17] G. Montoya, G. J. Arango, J. R. Ramírez-Pineda. Rapid
differentiation of isobaric and positional isomers of structu-
rally related glycosides from Phytolacca bogotensis. Rapid
Commun. Mass Spectrom. 2009, 23, 3361.
[18] S. Jarussophon, S. Acoca, J.-M. Gao, C. Deprez, T. Kiyota, C.
Draghici, Y. Konishi. Automated molecular formula
determination by tandem mass spectrometry (MS/MS).
The Analyst 2009, 134, 690.Copyright © 2012Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286[19] K. Scheubert, F. Hufsky, F. Rasche, S. Böcker. Computing
fragmentation trees from metabolite multiple mass
spectrometry data. J. Comput. Biol. 2011, 18, 1383.
[20] S. Wolf, S. Schmidt, M. Müller-Hannemann, S. Neumann.
In silico fragmentation for computer assisted identiﬁcation
of metabolite mass spectra. BMC Bioinformatics 2010, 11, 148.
[21] M. Heinonen, A. Rantanen, T. Mielikäinen, J. Kokkonen,
J. Kiuru, R. A. Ketola, J. Rousu. FiD: a software for ab initio
structural identiﬁcation of product ions from tandem
mass spectrometric data. Rapid Commun. Mass Spectrom.
2008, 22, 3043.
[22] F. Rasche, A. Svatos, R. K. Maddula, C. Bottcher, S. Bocker.
Computing fragmentation trees from tandem mass spectro-
metry data. Anal. Chem. 2011, 83, 1243.
[23] S. Böcker, F. Rasche. Towards de novo identiﬁcation of
metabolites by analyzing tandem mass spectra. Bioinformatics
2008, 24, i49.
[24] Available: http://sourceforge.net/projects/sashimi/ﬁles/.
[25] C. A. Smith, E. J. Want, G. O’Maille, R. Abagyan,
G. Siuzdak. XCMS: Processing mass spectrometry data for
metabolite proﬁling using nonlinear peak alignment,
matching, and identiﬁcation. Anal. Chem. 2006, 78, 779.
Available: http://masspec.scripps.edu/xcms/download.php.
[26] Available: http://abs.lacdr.gorlaeus.net/people/rojas-cherto.
[27] P. Murray-Rust, H. S. Rzepa. Chemical Markup, XML and
the World-Wide Web. 2. Information objects and the
CMLDOM. J. Chem. Inform. Computer Sci. 2001, 41, 1113.
[28] M. Rojas-Cherto, J. E. Peironcely, P. T. Kasper, J. J. J. van der
Hooft, R. C. H. De Vos, R. J. Vreeken, T. Hankemeier,
T. Reijmers. Metabolite identiﬁcation using automated
comparison of high resolution MSn spectral trees. Anal.
Chem. 2012, 84, 5524.
[29] R Development Core Team. R: A Language and
Environment for Statistical Computing, R Foundation
for Statistical Computing, R Foundation for Statistical
Computing, 2009.
[30] P. Hansen, M. Delattre. Complete-link cluster analysis by
graph coloring. J. Am. Statist. Assn. 1978, 73, 397.
[31] M. A. Fligner, J. S. Verducci, P. E. Blower. A modiﬁcation of
the Jaccard–Tanimoto similarity index for diverse selection
of chemical compounds using binary strings. Technometrics
2002, 44, 110.
[32] C. Steinbeck, Y. Han, S. Kuhn, O. Horlacher, E. Luttmann,
E. Willighagen. The Chemistry Development Kit (CDK):
an open-source Java library for chemo- and bioinformatics.
J. Chem. Inform. Computer Sci. 2003, 43, 493.
[33] S. E. Stein, D. R. Scott. Optimization and testing of mass
spectral library search algorithms for compound identiﬁ-
cation. J. Am. Soc. Mass Spectrom. 1994, 5, 859.
[34] S. A. Mcluckey, G. J. Van Berkel, D. E. Goeringer, G. L. Glish.
Ion trap mass spectrometry of externally generated ions.
Anal. Chem. 1994, 66, 689.
[35] R. E. March. An introduction to quadrupole ion trap mass
spectrometry. J. Mass Spectrom. 1997, 32, 351.
[36] R.Mathur, P. B. O’Connor. Artifacts in Fourier transformmass
spectrometry. Rapid Commun. Mass Spectrom. 2009, 23, 523.
[37] K. Schug, H. M. McNair. Adduct formation in electrospray
ionization mass spectrometry II. Benzoic acid derivatives.
J. Chromatogr. A 2003, 985, 531.
[38] N. B. Cech, C. G. Enke. Practical implications of some recent
studies in electrospray ionization fundamentals. Mass
Spectrom. Rev. 2002, 20, 362.
[39] A. Kassler, E. Pittenauer, N. Doerr, G. Allmaier. CID of
singly charged antioxidants applied in lubricants by means
of a 3D ion trap and a linear ion trap-Orbitrap mass
spectrometer. J. Mass Spectrom. 2011, 46, 517.
[40] M. Sawada. Chiral recognition detected by fast atom bombard-
ment mass spectrometry.Mass Spectrom. Rev. 1997, 16, 73.wileyonlinelibrary.com/journal/rcmJohn Wiley & Sons, Ltd.
5
P. T. Kasper et al.
2286[41] S. P. Gaucher, J. A. Leary. Stereochemical differentiation of
mannose, glucose, galactose, and talose using zinc(II)
diethylenetriamine and ESI-ion trap mass spectrometry.
Anal. Chem. 1998, 70, 3009.
[42] T. Shimizu. Lipid mediators in health and disease: enzymes
and receptors as therapeutic targets for the regulation of
immunity and inﬂammation. Annu. Rev. Pharmacol. Toxicol.
2009, 49, 123.wileyonlinelibrary.com/journal/rcm Copyright © 2012 John Wile[43] K. Nithipatikom, N. D. Laabs, M. A. Isbell, W. B. Campbell.
Liquid chromatographic-mass spectrometric determination
of cyclooxygenase metabolites of arachidonic acid in
cultured cells. J. Chromatogr. B 2003, 785, 135.
[44] A. Margalit, K. L. Dufﬁn, P. C. Isakson. Rapid quantitation of a
large scope of eicosanoids in two models of inﬂammation: devel-
opmentof an electrosprayand tandemmass spectrometrymethod
and application to biological studies. Anal. Biochem. 1996, 235, 73.y & Sons, Ltd. Rapid Commun. Mass Spectrom. 2012, 26, 2275–2286
